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Fromontogenesis tohomeostasis, thephenotypesof complexorganismsareshaped
bythebidirectional interactionsbetweenthehostorganismsandtheir associatedmi-
crobiota. Current technology can reveal many such interactions by combiningmulti-
omic data frombothhosts andmicrobes.However, exploring the full extentof these
interactions requires careful consideration of study design for the efficient
generation and optimal integration of data derived from (meta)genomics, (meta)
transcriptomics, (meta)proteomics, and (meta)metabolomics. In this perspective,
we introduce the holo-omic approach that incorporates multi-omic data from both
host andmicrobiota domains to untangle the interplay between the two.We revisit
the recent literature on biomolecular host-microbe interactions and discuss the im-
plementation and current limitations of the holo-omic approach. We anticipate
that theapplicationof thisapproachcancontributetoopeningnewresearchavenues
and discoveries in biomedicine, biotechnology, agricultural and aquacultural sci-
ences, nature conservation, as well as basic ecological and evolutionary research.
Research conducted over the last decade has fundamentally changed how we perceive the biology and
underlying genetic properties of macroorganisms, from looking at individuals as isolated genetic entities
to recognizing how they interact with their associated microorganisms in a myriad of biological processes.
These microorganisms associated with plants and animals are now acknowledged as relevant—even
essential—assets to many basic biological processes, including nutrient acquisition (Falcinelli et al.,
2015), immune response (Wu and Wu, 2012), development (Rudman et al., 2019), biomolecule synthesis
(Nicholson et al., 2012), and behavior (Liang et al., 2018). This realization has promoted the notion of the
holobiont (see Box 1 for definitions of this and other terms in bold), a term used to collectively describe
the host organism and all its associated microorganisms.
Historically, the phenotypic variation of plants and animals has been attributed to the interplay between
genomic properties (Koonin et al., 2000) and environmental factors (Schmid, 1992). However, a long history
of research on some insects and domestic vertebrates suggested that microorganisms associated with host
animals should also be included in the equation. For example, termites have long been known (Leidy, 1881)
to require gut microbes to be able to digest their food. In the last decade, researchers have benefited from
the rapid development of high-throughput sequencing technology to more intensively explore how the
metagenomic features of host-associated microorganisms also shape plant and animal phenotypes
(Gilbert et al., 2018; Stringlis et al., 2018). These advances have expanded our knowledge on the role of
host-microbe interactions in the evolution and ecology of modern-day organisms and how knowledge
of such interactions can be beneficial in applied sciences. They basically revealed the termite example
to be closer to the norm than the exception. Although individually both genomic and metagenomic ap-
proaches have proven useful for understanding many biological processes, each type of study has typically
ignored the effect of the other domain and, critically, their interplay. Hence, the knowledge gained through
such approaches is, at the very least, incomplete. The recognition of the importance of these host-micro-
biota interactions has recently opened up new research avenues based on the integrated analysis of
coupled genomic and metagenomic data (Limborg et al., 2018), which can be referred to as the research
field of hologenomics (Figure 1A).iScience 23, 101414, August 21, 2020 ª 2020 The Authors.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Figure 1. From Hologenomic to Holo-Omic
(A) Simplified visualization of the hologenomic domain.
(B) Host-microbiota interactions within the holo-omic domain here exemplified by zooming in on the luminal surface of
the host intestine. Red arrows indicate host-microbiota holo-omic interactions. Solid red arrows indicate interactions
supported in the primary literature (numbers refer to the publications listed in Table 1), whereas dashed red arrows
indicate potential holo-omic interactions that, to the best of our knowledge, have not yet been documented. Solid black
arrows indicate omic levels influencing host phenotype, and dashed black arrows indicate omic levels influenced by
environmental factors.
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PerspectiveEfforts to study the effects of host andmicrobial genes and their consequences have become embedded in
layer upon layer of jargon. Because the concepts being discussed are new, some of these new terms are
necessary, so as to have common reference points. But they only serve as effective reference points if
they are well defined. Here we propose that hologenomics (the combined genetic content of the host
and the microbiota) can be expanded to the holo-omic level by the incorporation of data from multiple
omic levels from both host and microbiota domains (Limborg et al., 2018) (Figure 1B). This approach is
inspired by elements originating from systems biology (e.g., metagenomics systems biology [Greenblum
et al., 2012] and the use of multi-omic data integration [Bersanelli et al., 2016; Heintz-Buschart et al., 2016;
Liu et al., 2020]). However, multi-omics implies omic data from only one domain, whereas holo-omics is
defined by the incorporation of both host and microbial data. In theory, implementing a holo-omic
approach would allow researchers to reveal a range of biomolecular interactions responsible for shaping
the phenotype of complex organisms, using a variety of molecular tools, and would ultimately provide
great potential for application across many different fields of research. The holo-omic toolbox requires
bothmethodological and analytical tools. Within the methodological tools are the nucleic acid sequencing
and mass spectrometry technologies that enable tracking the biomolecular pathways linking host and mi-
crobial genomic sequences with biomolecular phenotypes by generating (meta)transcriptomes, (meta)
proteomes, and (meta)metabolomes. The same technologies also enable epigenomic and exposomic
profiling, which can further contribute to disentangling the biochemical associations between host-micro-
biota-environment interactions and their effect on host phenotypes (Kumar et al., 2014; Rogler and Vav-
ricka, 2015). The analytical tools required to extract useful information from the enormous amount of highly
complex data generated by current high-throughput technologies are still limited. Association studies—
identifying correlations between genetic variants and phenotypes—have been used to detect the genetic
contributions to complex phenotypes (Welter et al., 2014). This approach has been extended to metabo-
lomic profiles (Luo, 2015) and metagenomic variants (Blekhman et al., 2015; Qin et al., 2012), but methods
that jointly leverage the multiple omic levels to infer the causal pathways between genomic processes and
phenotypes are still scarce.
In this context, the technology to generate large amounts of data to be used in a holo-omic context is
already available, but the analytical tools to reveal and identify host-microbiota interactions are still limited.2 iScience 23, 101414, August 21, 2020
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the holo-omic approach. To contribute to the development of this new field, in this perspective we first
revisit the available evidence for the biological importance of host-microbiota interactions. Second, we
present how the holo-omic toolbox can be used to study host-microbiota interactions at varying levels
of complexity to guide researchers through applying the holo-omic approach. Third, we showcase the
potential provided by the holo-omic approach to host-microbiota interactions in both basic and applied
biological sciences and finally we identify the limiting factors that currently prevent the widespread imple-
mentation of the holo-omic approach and discuss possible solutions to overcome them.HOST-MICROBIOTA INTERACTIONS IN LIGHT OF HOLO-OMICS
The holo-omic approach to host-microbiota interactions relies on three major assumptions: (1) host-asso-
ciated microorganisms interact not only with each other but also with their host (Bredon et al., 2018; Fischer
et al., 2017; Stringlis et al., 2018; Vaishnava et al., 2011); (2) these interactions affect, either positively or
negatively, central biological processes of hosts and microorganisms (Wu and Wu, 2012); and (3) the inter-
play can be traced using biomolecular tools (Bansal et al., 2010; Bredon et al., 2018; Kelly et al., 2015; Virtue
et al., 2019).
It has been estimated that the number of host-associatedmicrobial cells and genes greatly outnumber that
of their hosts’ (Gilbert et al., 2018; Stringlis et al., 2018). These microorganisms do not passively inhabit the
surfaces of their hosts but instead continuously interact with each other and their hosts through a myriad of
complex feedback processes (e.g., Falcinelli et al., 2015; Kelly et al., 2015; Stringlis et al., 2018). For
example, host genomic features are co-responsible for shaping the microbiota composition (Suzuki
et al., 2019) through the differential biosynthesis of antibacterial peptides (Carvalho et al., 2012), differen-
tial composition of intestinal mucosa (Vaishnava et al., 2011), or differential release of nutrients (Reese et al.,
2018). Gene expression interdependencies are also common between hosts and microorganisms. For
instance, administration of Lactobacillus rhamnosus increases the uptake of fatty acids in zebrafish by
down-regulating the transcription of host genes related to cholesterol and triglycerides metabolism (Fal-
cinelli et al., 2015). Similarly, the metabolism of microbiota-derived butyrate in epithelial cells stabilizes the
function of the hypoxia-inducible transcription factor, which regulates the expression of a number of genes
related to host immunity (Kelly et al., 2015). Further examples of similar causal relationships between
different omic levels from hosts and microorganisms are compiled in Table 1, and undoubtedly, many
more will be revealed in the years to come.
Host-microbiota interactions can have both positive and/or negative influences on host fitness. This has,
for instance, been illustrated in studies on relatively well-defined bacteria-insect interactions. Such
studies have revealed that the nature of these influences are often context dependent (Fry et al.,
2004; Werren et al., 2008) and that these interactions can have both negative and positive influences
on evolutionary adaptations (Bennett and Moran, 2015). For other, less studied and more complex
host-microbiota consortiums, it has been found that positive interactions can, for instance, lead to in-
creases in nutrient uptake through the degradation of recalcitrant organic compounds (Bredon et al.,
2018), increase survival through modulating the resistance toward infectious diseases (Rosshart et al.,
2017), or lengthen lifespan through modulating the aging process (Kim and Jazwinski, 2018). On the con-
trary, host-microbiota interactions can also have negative outcomes for the host. This is most obvious in
the context of pathogens that cause infectious diseases (Fei and Zhao, 2013), but it is also apparent, for
example, in the context of dysbiosis associated with chronic diseases such as inflammatory bowel syn-
drome (IBS) (Imhann et al., 2018). The origin of such microbial imbalances remains a cause of contention
due to difficulty determining whether a disrupted microbiota is the cause or effect of a given illness
(Walker, 2017) and it seems likely that such dysbioses have many different causes in different host spe-
cies, genotypes, and contexts. This debate raises the question of how to determine what constitutes a
healthy microbiome, a question that is difficult to answer, especially for wild organisms, owing to in-
ter-population variation caused by environmental and genetic factors as well as the lack of functional
annotation of many microbial genes (Lloyd-Price et al., 2016).
All these examples highlight the relevance of acknowledging and understanding the biomolecular interac-
tions occurring between different omic levels of hosts and microorganisms. In the following section we will
describe how holo-omics can be implemented by addressing different methodological, experimental, and
analytical approaches.iScience 23, 101414, August 21, 2020 3
Omic Levels Organism Major Findings Reference Arrow in Figure 1
Genome, microbial 16S Mouse 20 host genes are associated
with microbiome
composition
Suzuki et al. (2019) 1
Genome, microbial 16S Human Genetic disposition for
inflammatory bowel disease
is associated with a
reduction in abundance of
the genus Roseburia in the
gut microbiome
Imhann et al. (2018) 1
Transcriptome,
metagenome
Pill-bug (Armadillidium
vulgare)
Potential collaboration
between microbiota and pill-
bug in degrading
lignocellulose
Bredon et al. (2018) –
Proteome, microbial 16S Mouse Lack of the TLR5 protein
increases Proteobacteria
and decreases Bacteroidetes
inmicrobiome and promotes
gut inflammation
Carvalho et al. (2012) 2
Metabolome, metagenome Thale cress (Arabidopsis
thaliana)
Beneficial rhizobacteria
induce excretion of the
metabolite scopoletin that
stimulates iron uptake and
suppresses soil-borne
pathogens
Stringlis et al. (2018) 3
Metametabolome,
transcriptome
Human epithelial cells Metabolism of microbiota-
derived butyrate stabilizes
the HIF transcription factor in
human epithelial cells
Kelly et al. (2015) 4
Metametabolome,
transcriptome
Human epithelial cells The presence of microbiota-
derived indole stimulates the
expression of host genes
connecting to the formation
of tight junctions with a
resulting higher pathogen
resistance
Bansal et al. (2010) 4
Metametabolome,
transcriptome
Mouse Microbiota-derived indole
controls expression of host
miR-181 expression that
regulates adiposity and
insulin sensitivity
Virtue et al. (2019) 4
Table 1. Examples of Holo-Omic Studies in the Current Litterature
Examples of studies considering different omic levels from hosts and associated microorganisms at different levels of resolution. When evidence of host-micro-
biota interactions are available numbers link the table to the corresponding interaction in Figure 1.
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PerspectiveIMPLEMENTING THE HOLO-OMIC APPROACH
The holo-omic approach can be implemented by using a range of different methodological tools in diverse
experimental setups that might require a variety of analytical and statistical approaches (Figure 2).
Regarding data generation, most studies linking the host and the microbiota domains have relied on tar-
geted approaches (e.g., amplicon sequencing, targeted RNA-sequencing, and western blotting) to char-
acterize the microbial domain. However, untargeted approaches (e.g., shotgun DNA sequencing and
shotgun proteomics), which non-selectively provide a snapshot of nucleotides, proteins, and metabolites4 iScience 23, 101414, August 21, 2020
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Figure 2. Overview of Different Approaches in Holo-Omics and Their Influence on the Level of Complexity
Approaches are divided into methodological, experimental, and statistical. Arrows indicate the level of complexity
relative to each segment of the figure.
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coupled untargeted host/microbe data from shotgun sequencing offers advantages over targeted ap-
proaches, such as the construction of metagenome assembled genomes (MAGs) from metagenomic
data (Almeida et al., 2019) and the generation of individual genomic profiles (Blekhman et al., 2015).
Furthermore, the (meta)genomic data needed for implementing the hologenomic approach to host-
microbe interactions are often derived from samples containing DNA from both domains (Blekhman
et al., 2015). At the same time, the ever-decreasing costs of sequencing coupled with increases in compu-
tational efficiency are expected to boost this trend toward shotgun sequencing (Quince et al., 2017). In
recent years, single cell sequencing has expanded our ability to link specific genetic properties to single
cells (Xu and Zhou, 2018), which could be used to study the interactions between in vitro cultures of eukary-
otic and prokaryotic cells in great detail. In addition to this, the use of spatial metagenomics is capable of
resolving the geographical distribution of individual microbes within a community (Sheth et al., 2019), and
we foresee that this method will prove valuable in the future of holo-omics to highlight the effect of relative
spatial orientation between host and microbial cells. In 10 years, incorporating a range of approaches in a
single study with massive replication will probably be trivial from a cost perspective. In this context, the
burden (and key challenge) is combining theoretical insight and analytical clarity.
If the metagenomic data include some proportion of host DNA, often considered as host contamination, in
silico approaches can be used to also profile the host genotype and screen for potential associations be-
tween genetic markers and microbial traits (Blekhman et al., 2015). In vitro approaches, in which the host
environment is reproduced in simpler physical models such as miniature organs grown from stem cells
(i.e., epithelial organoids), might provide the required resolution when trying to uncover the interaction
between well-defined binary interactions, e.g., the effect of microbiota-produced butyrate on hostiScience 23, 101414, August 21, 2020 5
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Perspectivetranscriptomics in epithelial cells (Kelly et al., 2015). In vivo approaches using single-symbiont or gnotobi-
otic organisms are chosen when trying to uncover the complete effect of a symbiont, beyond the effect of a
single molecule (Koch and McFall-Ngai, 2019), whereas wild organisms might provide the most direct ev-
idence about the effect of host-microbiota interactions in natural processes (Alberdi et al., 2016).
The implementation of a full holo-omic approach withmultiple omic levels from both hosts andmicroorganisms
begins with the generation of high-dimensional data. Depending on the aims of the study, data from each sam-
ple in the study can encompass measurements on genes, genomes, transcripts, proteins, or metabolites. Spe-
cifically, the microbiota can be characterized by hundreds of MAGs, thousands of gene orthologs, or millions of
genes. The number of independent measurements and the high dimensionality of the resulting data pose sig-
nificant challenges to traditional statistical approaches, such as correlation-based methods and linear models.
One possible approach to reducing the complexity of the problem is to use some form of dimensionality reduc-
tion, such as clustering MAGs by taxonomy or ecological guilds (Zhao et al., 2018), or grouping genes by their
functional properties (Qin et al., 2010). Although such dimensionality reduction simplifies the analyses and re-
duces computational complexity, it can lead to loss of biologically relevant information (Wang et al., 2019).
Pioneering studies in hologenomics have relied on association analyses to identify correlations between
hosts and related microorganisms. Genome-wide association studies (GWASs) have linked specific loci
in the host genome to the presence of pathogenic or beneficial microbes (Blekhman et al., 2015; Imhann
et al., 2018). Similar approaches have been used in the study of epigenomes (Wan et al., 2016),
metabolomes (Sekula et al., 2016), and proteomes (Okada et al., 2016). GWASs served as inspiration for
metagenome-wide association studies (MGWASs) linking specific genes in the metagenome to pheno-
typic traits of interest in the host (Qin et al., 2012). So far, most methods used to integrate multi-omic
data from both host and microbiota domains have relied on standard statistical methods, such as general
linear models and linear mixedmodels in GWASs andMGWASs (Blekhman et al., 2015; Imhann et al., 2018;
Qin et al., 2012). These methods are often hampered by the high-dimensional nature of the metagenomic
data, highlighting the need for specialized methods to deal with highly complex holo-omic data (Wang
et al., 2019).
Aiming to advance holo-omic research beyond association analyses, we recently introduced a methodo-
logical framework proposing a two-step approach to reveal the mechanisms underlying phenotypic vari-
ance modulated by the interactions between the host and related microorganisms (Limborg et al.,
2018): an initial association phase based on GWAS and MGWAS analysis, followed by an interaction phase
to identify bidirectional interactions at different omic levels. The initial association phase can identify var-
iants (SNPs) within the genome and metagenome (e.g., amplicon sequence variants, operational taxo-
nomic units, MAGs, or genes) associated with certain host phenotypes. In the following interaction phase,
the effects of the associated GWAS variants on other omic domains are explored, thus identifying the
important aspects of the molecular machinery that lead from genotypic variation to phenotypic variation.
Although the two-step approach allows us to dig deeper into the interactions between the different omic
domains that affect the phenotype, we are still limited by the power of the GWAS performed in the first step
in identifying causal variants. In essence, the first step acts as a dimensionality reduction step, reducing the
space of interactions that need to be interrogated. The problem of integrated inference by leveraging
different omics data is a difficult one, and the development of computational methods in this field have
been hindered by the inherent complexity of holo-omic data and the biological process underlying
them. The current state of the art in integrating different omics dataset relies either on network-based
methods (Langfelder and Horvath, 2008), regularized regression-based methods (Rohart et al., 2017), or
other niche tools (Hernandez-Ferrer et al., 2017). However, none of these methods were designed for
the analysis of metagenomic, metatranscriptomic, or metametabolomic data.
The methodological, experimental, and analytical approaches mentioned above are challenged by the
high costs of data generation and the complexity of downstream analyses. This requires that researchers
consider at least three fundamental questions about the system under study before taking on a holo-omic study
(Box 2).APPLYING THE HOLO-OMIC APPROACH ACROSS BIOLOGICAL SCIENCES
The holo-omic approach outlined above can be implemented in many basic and applied biological
research fields to address relevant scientific questions concerning host-microbiota interactions. In the6 iScience 23, 101414, August 21, 2020
Box 1. Glossary
Amplicon sequencing:PCR amplification-based targeted sequencing of a specific genetic region.
Dysbiosis:Any change to the components of resident commensal microbial communities relative to the community
found in healthy individuals.
Epigenome:The heritable alteration of DNA or proteins associated with DNA that changes gene expression levels in a
cell or tissue without modifying the sequence of DNA.
Epigenotype:The pattern of epigenetic modification (alteration of DNA or proteins that changes gene expression) in
a cell or tissue.
Exposome:Every exposure that an organism is subjected to throughout its lifetime.
Genome:The complete set of genetic material of an organism.
Genome-wide association study(GWAS):An examination of a genome-wide set of genetic variations associated with
a trait of interest.
Holobiont:A host organism and its associated microorganisms.
Hologenome:The combined genetic content of the host and its associated microbiota.
Holo-omics:The analysis of multiple omic levels from both host and associated microbiota domains.
Hologenome theory of evolution:The theory that posits host, symbionts, and their associated hologenome, acting in
consortium, function as a biological entity and as a level of selection in evolution.
Metagenome-assembled genome (MAG):Genome assembled from shotgun sequencing data generated from the
entire genetic content present in a given environment.
Metabolome:The entire pool of metabolites present in an organism.
Metagenome:The entire genetic content present in a given environment.
Metametabolome:The entire pool of metabolites present in an environmental sample.
Metaproteome:The complete set of proteins/peptides present in an environmental sample.
Metatranscriptome:The entire pool of mRNA in an environmental sample.
Metagenome-wide association study (MGWAS):An examination of a metagenome-wide set of genetic variations
associated with a trait of interest.
Microbiome:The sum of genetic material in a microbial community.
Microbiota:The ecological community of microorganisms.
Multi-omics:The analysis of multiple types of omic data (e.g., metagenome and metaproteome).
Omic:Term used to describe any level of multi-omics (i.e., (meta)genomics, epigenomics, (meta)transcriptomics,
(meta)proteomics, and (meta)metabolomics).
Proteome:The entire pool of proteins present in an organism.
Shotgun DNA sequencing:The non-targeted sequencing of the entire genetic content of a sample.
Shotgun proteomics:The direct analysis of complex protein mixtures to generate global profiles of proteins within a
sample.
Single cell sequencing:Sequencing of the nucleic acid content within a single cell.
Spatial metagenomics:Characterization of the spatial orientation of microbes in their environment by fixation in a
matrix followed by either amplicon sequencing or shotgun sequencing.
Systems biology:A holistic approach, often employing quantitative modeling, to study biological systems that
cannot be reduced to the sum of the systems individual parts.
Targeted RNA sequencing:Sequencing of specific RNA molecules using probes complementing the transcript of
interest.
Transcriptome:The sum of RNA transcripts produced by a single organism.
Western blotting:Separation and identification of proteins in a gel matrix using antibodies.
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ical sciences. For some fields, we include boxes containing case examples to better illustrate its potential
implementation.
Agricultural and Aquacultural Sciences
The holo-omic approach could prove a meaningful tool in developing animal and plant production as mi-
croorganisms are increasingly considered essential assets to improve efficiency and sustainability (Małyska
et al., 2019). Among other strategies, animal feed and feed additives are used to modulate animal gut mi-
crobiota and improve host growth and health. More sustainable feed formulas are being developed such as
the use of seaweed to decrease dairy cows methane emissions (Machado et al., 2014). It has also been sug-
gested that piscivorous fish can be fed with a plant-based diet in aquaculture systems to replace fish meal
(Gatlin et al., 2007). On the other hand, feed additives, such as probiotics, prebiotics, and synbiotics, are
extensively used in animal breeding owing to many attributed benefits including protection againstiScience 23, 101414, August 21, 2020 7
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tle is known about their specific mode of action (Markowiak and Sli _zewska, 2018). For instance, positive ef-
fects were reported on the use of probiotics to control diarrhea syndrome in post-weaning piglets (Kyriakis
et al., 1999) and have been found to result in decreasedmortality in rainbow trout (Irianto and Austin, 2002).
The implementation of the holo-omic approach can help us unveil how feed, microbiota, and the host
interact in the intestinal environment, which could prove essential for optimizing the production of host or-
ganisms and improving management practices (Box 3). A similar initiative implemented for plants could
aim at enhancing adaptation and response to rapid climate change.Biotechnology
The holo-omic approach could also contribute to developing and optimizing biotechnological solutions.
For instance, it could be used to better understand host-microbiota systems capable of enzymatically de-
grading complex polysaccharides (Ni and Tokuda, 2013) in the search for novel sustainable ways of trans-
forming organic waste compounds into industrially relevant biomolecules and biofuels. Many wood-
feeding organisms are capable of partially digesting lignocellulose into glucose, but to complete theBox 2. Three Main Questions that Researchers Need to Consider to Maximize the Outcome of a Holo-Omic
Study
(1) Are host-microbiota interactions relevant in the system under study?
Researchers must assess whether host-microbiota interactions are relevant for understanding the system under study.
The impact of microorganisms associated with complex hosts is now regarded as almost universal (Barko et al., 2018),
but the effect sizes can vary from low (Kong et al., 2019) to high (Rosshart et al., 2017) values. Hence, an initial
screening of the variability of hosts’ phenotypic traits and microbial communities associated with them is recom-
mendable to elucidate potential correlations. This could be done using a cost-effective targeted gene sequencing
approach to later study the system in more detail using non-targeted approaches.
(2) Is it meaningful to implement a holo-omic approach?
It is necessary to evaluate whether the implementation of a holo-omic approach is reasonable given the properties of
the biological system and its environment. Holo-omics relies on the premise that genomic and metagenomic dif-
ferences across individuals, treatments, populations, or species affect biological processes and phenotypic out-
comes. Thus, the existence of genomic or metagenomic variation in the system is essential. It is also necessary to bear
in mind that the capacity to recover genomic and metagenomic signatures is largely affected by environmental
variables (Figure 3). The background noise introduced by these variables contains information on how the environ-
ment influences the dependent variables (Figure 3), but as they are often difficult to measure or control in non-lab-
oratory settings they will often complicate signal recovery. Factors extrinsic to the host (diet, temperature, humidity,
etc.) are known to affect both the composition of the microbiota and the expression of its genes (Cernava et al., 2019;
David et al., 2014; Moran and Yun, 2015). The level and structure of (meta)genomic and environmental variation will
therefore dictate the biological meaning and design of any holo-omic study (Figure 3).
Assessing the economic and technical feasibility of the study is also paramount. This includes acknowledging the
genome size of the host, as the genome of some species can be magnitudes larger than others, e.g., amphibians
(Nowoshilow et al., 2018) versus birds (Zhang et al., 2014), or questioning whether optimal sample preservation
conditions can be ensured, especially critical for (meta)transcriptomics (Ferreira et al., 2018). Assessing the bio-
molecular properties of the samples (e.g., host:microbiota DNA/RNA ratios) is a relevant preliminary step that aids in
outlining an optimal study design (Human Microbiome Project Consortium, 2012).
(3) Which omic levels are relevant and how to maximize the amount of useful data derived from them?
Lastly, researchers should identify which omic levels are the most relevant, both by considering the biological and
technical features of the experimental system and their relevance to the research questions. The omic levels selected
for analysis will largely determine the number of samples to include (Ching et al., 2014; Hong and Park, 2012), where
and how to collect the samples (e.g., which part of the intestinal tract (Kokou et al., 2019), preservation and storage
conditions (Ferreira et al., 2018; Hickl et al., 2019), sequencing depth, or how to maximize the amount of biological
information coming from them (Quince et al., 2017). The ability of the downstream statistical analyses is dependent
not just on these factors but also on the genetic architecture of the phenotype being studied. Prior knowledge of the
functional basis of the phenotype can be used to markedly improve the experimental design and improve the power
of the statistical analyses (Kichaev et al., 2019).
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Figure 3. Overview of Different Variables that Will Impact Holo-Omic Studies
In this conceptualization, two independent variables, the environment and the host genome, affect dependent
variables (center), the metagenome, and downstream omic levels and their interactions with the host genome and
derived omic levels. Different combinations enable implementing different types of experimental approaches.
(A) When both genetic background and environment are constant (e.g., laboratory conditions) the underlying
composition and functionality of the microbiota as well as the underlying interaction with the host domain can be
determined. These conditions allow researchers to manipulate microbiota composition and functionality and to
manipulate the host genome (e.g., using CRISPR-Cas9 genome editing technology).
(B) When the genetic background is variable and the environment is relatively consistent, the impact of genetic
variants on downstream omic levels can be isolated.
(C) When the genetic background is similar and the environment is variable, the impact of environmental factors on
the different omic levels can be studied.
(D) When both genetic background and environment are variable, the high level of variability will
complicate the isolation of factors responsible for modifying the omic levels. Increasing sample size can mitigate this
problem.
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Perspectivedegradation they need the complementary enzymes produced by their resident microbes (Bredon et al.,
2018). Similarly, several studies based on metagenomics and metaproteomics in termites have shown
that the microbiota is responsible for producing some of the most complex enzymes involved in the degra-
dation of lignocellulose (Ni and Tokuda, 2013). Most of such complex biochemical reactions occur under
anaerobic environments; hence, setting up appropriate bioreactors tends to be a complex process. The
holo-omic approach can assist in determining specific bioreactor conditions by ascertaining the enzymatic
and metabolic contribution of microorganisms and animal hosts, thus facilitating the replication of the
optimal chemical conditions that mimic the hosts’ gut environment (Gutleben et al., 2018).
Biomedical Research
Incorporating the holo-omics approach to biomedical research offers an exciting new avenue toward bet-
ter treatments of many modern human diseases. Most people in industrialized societies exhibit depau-
perate gut microbiotas (Gupta et al., 2017), which is often held co-responsible for the concomitant explo-
sion in the rate of autoimmune diseases (Bach, 2002), all diseases that have been associated with a dysbiotic
microbiome in patients including IBS (Imhann et al., 2018), diabetes, or colorectal cancer (Feng et al., 2015).
Although we rarely know whether such a dysbiotic microbiome (Walker, 2017) is the cause or an effect of a
disease trait, it is now clear that the field of holo-omics provides an attractive approach to better under-
stand how such changes in host-microbiome interactions occur and potentially how they can be reverted
to healthy states. Better understanding of how human genotypes and the exposome of an individual affect
the interactions between patients and associated microorganisms would enable advances toward moreiScience 23, 101414, August 21, 2020 9
Box 3. Implementing the Holo-Omic Approach in Poultry Farming
Chickens are an important source of high-quality protein for a large proportion of the human population. The gut
microbiota of broilers (chicken bred for meat production) is highly variable since they are slaughtered before reaching
an age in which the microbial community dynamics stabilize (Rychlik, 2020). Although the administration of probiotics
and prebiotics to modulate the gut microbiota is becoming increasingly popular, results are still inconclusive and
further research is needed (Ducatelle et al., 2015).
(1) Are host-microbiota interactions relevant in the system under study?
The controlled environmental conditions in intensive poultry production systems, which use the same feeding
strategy and environment for all individuals, indicate that the likely reason behind variation in the chicken perfor-
mance and their gut microbiota when administered pre- and probiotics might be explained by microbial founding
effects and microgenomic variation of broilers (Box 2. Figure 3B: Impact of Genome) not only across but also within
breeds. An initial examination of the genotypes along with a targeted screening of the microbiota of each individual
in the broiler population can allow researchers to discover any potential association between the two domains using
GWASs and MGWASs with a particular focus on pre- and probiotics-related phenotypic responses (e.g., inflamma-
tory markers, stress response molecules).
(2) Is it meaningful to implement a holo-omic approach?
Pre- and probiotics interact with native gut microorganisms as well as with the host. The gut microbiota of broilers is
relatively simple because of the closed environment where the broilers are reared. The genetic diversity of
conventionally bred broilers is low, yet even small interindividual differences can be crucial and might have wide
implications on the response to pre- and probiotics. These system properties allow the successful application of the
holo-omic framework for obtaining relevant microbe-microbe and microbe-host interactions, which can help re-
searchers optimize feed additives design, production, and administration, thereby preventing production ineffi-
ciency driven by gut dysbiosis.
(3) Which omic levels are relevant and how to maximize the amount of useful data derived from them?
If associations are detected between the (meta)genome and host phenotypic traits, the study of transcriptome,
metatranscriptome, and metabolome can unveil the nature of microbe-microbe and host-microbe interactions and
how they affect the host. Detecting molecular pathways that are activated or deactivated in the presence of pre- and
probiotics can enable researchers to identify production-related phenotypic changes in the host.
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Perspectiveaccurate personalized medicine (Ginsburg and McCarthy, 2001). A holo-omics-based personalized medi-
cine would recognize not only the genetic and exposomic features of patients but also the associated mi-
crobiota (Box 4).
Ecology and Evolution
Implementation of a holo-omic approach holds the potential to address many basic questions regarding
the ecology and evolution of species. Most pertinent of these are in regards to the holobiont and testing
specific hypotheses derived from the hologenome theory of evolution (Rosenberg et al., 2007). For
example, how does selection occur on the holobiont and what mechanisms underpin the cross talk be-
tween the host andmicrobiota axes. One potential application is to measure the impact of microorganisms
in vertebrate adaptation and improve predictions from anthropogenic disturbances, such as climate
change and habitat destruction, on species distributions. It has been proposed that metagenomes could
confer enhanced adaptive capacity to their hosts (Alberdi et al., 2016), potentially enabling rapid adapta-
tion to changing environmental conditions (Fontaine and Kohl, 2020). The adaptive capacity of hosts and
their associated microbiota through linking specific host genotypes with metagenomes has been demon-
strated with regard to toxicity resilience (Macke et al., 2017), heat tolerance (Moran and Yun, 2015), drought
and desiccation (Cernava et al., 2019), disease resistance (Rosshart et al., 2017), and nutrient acquisition
(Falcinelli et al., 2015). Through characterizing host-microbiota pathways it is possible to catalog these
interactions and begin to assess evolutionary adaptations within the metagenome. This could enable
metagenomic—rather than only genomic (e.g., Razgour et al. (2019))—adaptations to be considered
when predicting species range shifts owing to climate change and potentially improves the predictive ca-
pacity of species distributions. Likewise, such an approach could also be adopted to improve predictions of
the adaptive capacity relevant to modeling invasive species (Fontaine and Kohl, 2020), enabling better es-
timates of invasion trajectories and ecological impact forecasts.10 iScience 23, 101414, August 21, 2020
Box 4. Holo-Omic Approach to Fecal Transplant Treatments
The use of fecal transplants, i.e., transferring fecal material from a healthy donor to a patient with a gastrointestinal
disorder, is now becoming a promising treatment for multiple gastrointestinal disorders (Mcilroy et al., 2019).
Although such treatments have shown some success, outcomes often vary among patients despite receiving the
same treatment (Sbahi and Di Palma, 2016). Therefore, we hypothesize that the holo-omics approach can be applied
to improve the success rate of such treatments by matching the genotype between fecal donors and recipients similar
to procedures for organ transplants.
(1) Are host-microbiota interactions relevant in the system under study?
The success of fecal transplants relies on the capability of beneficial microbes from the donor fecal sample being able
to colonize and establish themselves in the gut environment of the recipient. One can hypothesize that the probability
of success relates to differences among patient gut ‘‘environments’’ that depends not only on the existing microor-
ganism community but also on the genotype or epigenotype of the human host (Box 2. Figure 3D: Impact of Genome
and Environment).
(2) Is it meaningful to implement a holo-omic approach?
The information gained from a holo-omic approach will ultimately lead to more efficient treatments by, for example,
optimizing the biological match between a fecal donor and recipient. For example, a holo-omics analysis in a
controlled cohort can reveal concrete genotypes of a host that are associated with the gut microbiota composition.
Then, once we have accumulated knowledge about specific candidate genes directly associated with composition
and function of gut microbiota, we can screen these genes to optimize the genetic match between donor and
recipient, thereby improving the odds that the recipient is likely to adopt the healthy microbes from the donor and
thereby counteract the negative effect from microbes such as Clostridioides difficile (Gough et al., 2011).
(3) Which omic levels are relevant and how to maximize the amount of useful data derived from them?
A holo-omic approach to identify the factors underlying the differential success of fecal transplants could include the
patients’ genomic and epigenomic features coupled with transcriptomic, metagenomic, metatranscriptomic, and
metabolomic variation before and after a fecal transplant. Associating these features with the success of the treat-
ment, and with each other, would shed light on the functional changes introduced by the transplant, which would
enable identifying the factors leading to a success or failure of the treatment.
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Holo-omics could also be relevant for developing optimal active conservation actions, such as captivity breeding
and animal translocations (Box 5). As captive conditions differ extensively from those experienced in the wild,
many species kept in captivity diverge in their microbiota compositions compared with their wild counterparts
(McKenzieetal., 2017). This couldhave implications forattempts to translocate species (i.e., introduction, re-intro-
duction, and re-stocking) as the functionality of the microbiota might be compromised thereby diminishing the
chance of successful translocation (Bahrndorff et al., 2016). Microbiota composition and functionality varies be-
tween localenvironments, and identifying the local variants can impactconservationeffort success.Althoughcon-
servationists have traditionally focusedon a species genetic traits (Allendorf et al., 2010), the holo-omic approach
posit to match this information with information on microbiota composition and functionality, to avoid mixing
populations with different hologenomic adaptations to a given environment. Matching captive individuals with
a ‘‘wildmicrobiota’’ prior to their release andmonitoring their fitness and associated temporal changes of themi-
crobiota in the wild could reveal the efficiency of the holo-omic approach in the field of conservation.CURRENT LIMITATIONS AND FUTURE PERSPECTIVES
Although holo-omics represent a valuable tool for many fields, its implementation is still hampered by eco-
nomic, technical and biological limitations. A main economic hurdle is the high cost of shotgun
sequencing. Targeted sequencing or DNA microarrays approaches can be cost-effective alternatives for
characterizing (meta)genomes in some cases, although shallow shotgun sequencing can in some instances
recover higher taxonomic resolution at the same cost, while also providing direct inference about function-
ality (Hillmann et al., 2018). Targeted approaches might enable researchers to establish correlation be-
tween the presence of specific microorganisms and genetic or phenotypic traits of the host, but to infer
causation the use of shotgun sequencing will often be necessary to provide whole genome resolution.
Alternatively, a cost-effective approach, mostly useful when the microbial diversity is limited, is to combine
targeted amplicon sequencing with deep shotgun sequencing on a subset of samples in a dataset (LeskeriScience 23, 101414, August 21, 2020 11
Box 5. Implementing the Holo-Omic Approach in Conservation Biology
In winter, the Western capercaillie (Tetrao urogallus) feeds almost exclusively on conifer needles rich in resin and
phenol and low in nutrients (Bryant, 1980). It has been proposed that the microbiota might be of major importance in
aiding the metabolism of these hard-to-digest compounds (Wienemann et al., 2011). Failure of translocated captive-
bred individuals to survive in the wild is suspected to be a consequence of the lack of specific microbes capable of
digesting the toxic compounds in the diet (Wienemann et al., 2011).
(1) Are host-microbiota interactions relevant in the system under study?
The highly specialized diet with many hard-to-digest components of the capercaillie suggests that the digestion of
these compounds might be facilitated by the microbiota. An initial screening using shallow shotgun sequencing will
indicate microbial differences between wild and captive capercaillies to identify taxa and functions related to the
degradation of resin and phenol that might be missing in captive individuals.
(2) Is it meaningful to implement a holo-omic approach?
If the captive bred individuals originate from the same population as they aremeant to be released in, then the system
is relatively simple with two similar genetic backgrounds (wild and captive-bred from the same wild population). This
means that the effect of genetics is roughly the same for wild and captive conspecifics, which will allow researchers to
study the impact of the environment (i.e., a diet of pine needles) on microbiota functionality (Box 2. Figure 3C: Impact
of Environment). If captive bred individuals originating from one population are to be released to increase the
number of animals in another population, then it becomes increasingly important to consider that host gene func-
tionality between populations might vary and the contribution from themicrobiota to these functions are likely to also
vary. It is therefore important to consider if the genes or allelic variants necessary for an optimal digestion of conifer
needles are present, either inherent to the host genome or in the metagenome.
(3) Which omic levels are relevant and how to maximize the amount of useful data derived from them?
If the initial screening of the metagenome indicates a lack of functions related to the metabolism of phenol and resin
in captive capercaillies, the next step will be to gradually feed them more of their natural diet of pine needles and
subsequently screen both the metagenome and (meta)transcriptome. Screening both the transcriptome and meta-
transcriptome will allow conservationists to uncover complementary interactions between host and microbiota
genes. If the genes of interest are suddenly present and expressed then the dietary change has been enough to
provide the captive capercaillies with a ‘‘wild microbiota’’ and released animals can then be monitored and their
fitness compared with control animals with a captive microbiota. If captive individuals fail to acquire the needed
functionalities through the gradual change to a more natural diet other vectors of enrichment should be tested (e.g.,
natural soil or feces from wild capercaillies).
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Perspectiveet al., 2020). However, if the required resolution can only be achieved using shotgun approaches, it is essen-
tial to consider the costs of generating the required amount of data and to design the experiments and
sampling strategies accordingly. One of the advantages of the holo-omic approach is that all generated
data are useful in qualitative terms (i.e., host DNA is valuable information, rather than contamination).
However, this does not imply that all generated data are quantitatively useful. The usefulness and cost-
effectiveness are influenced by the proportion of host- or microbiota-derived nucleic acids, amino acids,
or metabolites. These proportions change drastically across sample types (Marotz et al., 2018) and host
taxa (Human Microbiome Project Consortium, 2012; Singh et al., 2014), and an incorrect estimation can
require drastic budget adjustments.
The holo-omic approach faces essential challenges, such as those linked to the quantity and complexity of
the data to be analyzed. The interactions between different microbes, each synthesizing and metabolizing
a variety of molecules, and the interactions betweenmicrobes and host cells is extremely complex, with the
nature of these interactions being far from uniform and linear. This demands an integrative approach that
can account for the different data types under the same inference framework. Generative/mechanistic
models exist for many of the individual omics data, such as transcriptome, proteome, and metagenome,
but integrating these models under a single inference framework is challenging, given the different data
types (compositional versus absolute abundance, discrete vs. continuous) and the vastly different biolog-
ical processes that underlie them. Thus, developing mechanistic models for such data are an active area of
research. In addition, in most current studies, the holo-omics data contain a lot of missing values, e.g., the
transcriptomics andmicrobiome data may not come from the same individuals, and the generated data fall12 iScience 23, 101414, August 21, 2020
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independent observations of a large number of features. In the case of holo-omics data, features can
include millions of genomic variants, mRNA quantification for thousands of genes, abundance estimates
of hundreds to thousands of taxa in the microbiome, and tens to hundreds of phenotypes such as health
parameters and growth rates. Unfortunately, the large number of features (P) are not accompanied by a
corresponding increase in sample sizes (N), owing to the high cost of generating such comprehensive
data for a large number of individuals. Identifying the important determining features in such datasets
can be very challenging given the limited number of independent observations. Statistical advances in
the last decade including development of deep learning methods are helping address the challenges
posed by the high dimensionality and complex correlation structure of the data. Development of such
methods is an area of active research where several advances have been made in integrating host-micro-
biome data (Bersanelli et al., 2016; Heintz-Buschart et al., 2016; Liu et al., 2020).
CONCLUSION
Although still challenged by many limitations, the feasibility to conduct holo-omic research will only increase in
the near future, aided by the continuous publication and improvement of macro- andmicroorganism genomes,
the decrease of costs for DNA/RNA sequencing and mass spectrometry, the increase of computational capac-
ities, and the uninterrupted development of analytical tools to analyze the huge amounts of data generated.
These trends will allow a broader range of research groups to conduct holo-omic studies and as the need for
detailed information on host-microbiota interactions increases in both applied and basic sciences there is no
doubt that the holo-omic approach will gain popularity in the future.
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